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Dedication
for friends and family, enduring partnerships, and unbiased
collaborators. It’s a game we choose to play, not to win but
to finish.
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Abstract

Abstract
Previous applications to design processes intend to
enhance a building’s schematic design using quantitative
data. Therefore, most applications to the early design
phases are passed by as simple overarching ideas
informed by the designer and users’ knowledge.
Although this is a preferred method of choice making,
the knowledge used to inform conceptual and schematic
design process can be limited. With the increase of
computation in all major industries, a new increase in
data to describe forms of infrastructure is required.
These forms being objects to analyze their performance
and potential, and active forms that can describe the
disposition of urban space. Previous research into data
driven design has worked its way into standardization
and performance goals. However, the connection
between active and object forms as a network of
standards has yet to be introduced as a method of
advising design. Meaning design has focused on creating
a single object that seems to benefit the ecology. No
attempt at connecting urban active data to object data
has been made to benefit both forms equally, but only
to preserve the status quo. The introduction of Machine
learning algorithms has the capability to connect these
complex forms and inform new designs. The application
of machine learning algorithms advises the early phases
of architectural design process by reviewing a manifold
of data, privileging complex analogical connections, and
simulating the designers informed symbolic choices.
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Introduction
While seeking the challenge of a topic within the bounds
of the architecture discipline, an interest arose in
optimization, and its usefulness in analyzing building
design prior to development. The use of optimization as
thinking and discovery tool. The slow growth throughout
this project was in developing predictive work-flows
that can influence the conceptual and schematic design
of architectural building. With the capabilities of
technology today, machine learning and big data have
begun to enhance living, and the pace of many industries
processes.

Initial Considerations
Initially this thesis was proposed as an optimization
work-flow to develop qualitative design with
computational methods. This acted as a new framework
to the “everydayness” of architecture, and idea
previously developed by Farshid Moussavi who authored
The Function of Style, who said:
“the everydayness of built forms means that their
aesthetic value, or agency of their style, must be
located within a framework that connects their
physical presence of form to the concerns of
everyday life, …” (Moussavi, 2014)
Architecture attempts to interpret activities within and
around the building, and project it both in the design of
the building and future effects and affects of the building.
This “everydayness” is also a concept of ecological
sustainability, and it’s the architects expectation to add
to the future resiliency of an environment.
Effectual qualitative interpretations are individual
behavior responses or defined by Oxford dictionary
as “1 a change which is a result or consequence of an
action or other cause.” The behavioral response to an
architectural everyday quality is typically designed
for health, safety and, security concerns. Therefore,
building codes and architectural standards have been
created to mitigate instances of dangerous effects.

Behavioral responses are also hard to predict and can
be the result of an individual’s misinterpretation of the
architectural affectual quality. The affectual qualitative
interpretations are an emotional response or the
defined by Oxford dictionary as “1.1 touch the feelings
of; move emotionally.” The emotional response to an
architectural everyday quality is designed for aesthetic
and tectonic interactions with users. These interactions
can be interpreted in exterior context (i.e. social and
political views, community culture, skyline, etc.) and
interior context (i.e. spatial planning of building elements,
building culture, display of structure, etc.).
An example of both effectual and affectual, interior and
exterior interpretations would be the New York Times
tower by Renzo Piano. The New York Times tower uses
building elements of horizontal rods on its facade for
interior shading as well as an affectual aesthetic quality
of porosity and seeing the tower. The same elements has
a ladder effect, and individuals are enticed to climb the
tower.
The initial thought was to explore methods of conceptual
interactive optimization to consider competing
qualitative objectives. The research would be in building
elements and form finding optimal qualitative design.

Introduction
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Le Corbusier: Modular Man, 1955. Image taken from (Modulor 2, 1955, p. 67)

Georg Muche and Richard Paulick: Steel House in Dessau-Törten, 1926. Image taken
from (Muche 1927b, p. 4)

House number 17 at the Stuttgart Werkbund exhibition Am Weißenhof, 1926-1927-Photo of house, façade section, steel skeleton during
construction and construction process. Images from (Gropius 1927a,
pp. 63-65).
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Modular Design

Modular Design
The modern architect and founder of the Bahaus school
in the early 1930s, Walter Gropius began the basics of
modular design. He and Adolf Meyer began the concept
for a house type called “Big Construction Kit” in 1923
(Seelow, 2018). Later introduced as “Baukasten,’
meaning a typical module to be then aggregated through
strict assembly rules. The revolutionary concept today is
known as a kit home, and it was flexible enough to create
different housing models with the same parts. Mies
van der Rohe, Le Corbusier, and Frank Lloyd Wright are
some of the architects that have continued the modular
concept as Modernist architects.

traditional and integrated design practices. The growth is
impart by new technological advances, and has exploded
in recent Computer Aided Design methods. Modularity
also promotes an understanding of precedent design,
where knowledge of assembly and parts must be widely
accepted by those using it.

Le Corbusier’s book, The Modular, was written in 1946
to holistically implementing standardized principles
into architectural modular design (Chailou, 2019).
Corbusier explains the importance of measuring
systems, and a rule of thumb to standardized elements.
Modularity allows designers to think critically about
metric representation of space, and its proportions to
the human scale, as displayed in his sketch. He refers
to these representations as a tool, but later introduced
simple rules that Architects would continue to exploit.
The rules put in place over many iterations of modular
design concepts are still an underlying principle in
architectural assembly systems and construction.
Still today, LEGO-like design instructions take place in

Modular Design
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Computer Aided Design
The introduction of the earliest computer aided design
softwares were pioneered by Patrick J. Hanratty,
the developer of the computer software PRONTO, in
1959. This revolution continued with architect and
U.C. Berkeley professor, Christopher Alexander, who
laid out the computational designs importance to the
question of shape in design in “Notes on the Synthesis
of Form” in 1964, and “A Pattern Language” in 1968
(American Machanist, 2012). He stressed the potential
for computers to understand complex forms and
geometry at the mathematical level architecture
and engineering has been able to do, but quicker and
accurate. His principles provided the foundation of
software programming computational design programs
today (Chailou, 2019).

softwares and user-interfaces that would simply layout
a tool-belt for designers to interact with virtually.

The Architecture Machine Group at MIT investigated
creative process and its enhancement through
machines. Lead by MIT professor Nicholas Negroponte,
who wrote The Architecture Machine, in 1970
concluding that the design professions have potential of
applying CAD programs to space design. CAD would go on
to revolutionize design, and architects like Frank Gehry
could produce abstract geometry, assembly systems,
and space planning (Chailou, 2019).
In the 1980s, computation made modular systems
feasible and scalable. Later introducing 3-dimensional

Computer Aided Design

5

Fabian Scheurer: Encoding Design, 2013. Image taken from (Peters 2017, p 190)
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Parametricism

Parametricism
One of the major paradigms of computer aided
design environments was exploited as the syntax
of parametricism. In other words, a set of rules
and commands that defines design outputs. The
application of parametric’s introduced to rationalize
mass customization of repetitive tasks. After coding
a set of rules and commands, designers could yield a
multiple outputs at once and choose based on subjective
knowledge of tradeoffs.

geometry and a set of information (Kolarevic, 2014). BIM
can save that information to the lifespan of the building,
and in turn saving time and costs.

Parametricism began with the an awareness of theses
rules and commands as parameters in design. Famous
for the use of parametrics, Iraqi architect Zaha Hadid
of Zaha Hadid Architects, who also has a background
of math, shaped the application to real world design.
Through inventions of visual coding environments like
Grasshopper, a software for architects created by David
Rutten in the 2000s, Architects can creatively interact
with parameters at a much larger scale (Schumacher,
2009).
Finally parametricism has introduced new computational
methods to exploit information and design environments.
The newest, widely accepted set of building parameters
is Building Information Modeling (BIM). Autodesk, Revit,
a major design software makes CAD systems smarter
and carry information to construction and beyond.
This is done by seeing each element in a design both as

Parametricism
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Optimization

Optimization
Digital design and optimization has entered architecture
in efforts to make design process more efficient and make
better performing architecture. In their publication,
Emergent Syntax, Christian Sjoberg, Christopher
Beorkrem, and Jefferson Ellinger describe optimization
in architecture: “As the influence of computation on
design continues to grow, designers has the ability to
optimize and account for high numbers of variables.
This results in a high dimensional solution space and an
exponentially increasing number of possible solutions.”
(Sjoberg, 2017) Therefore, using computational tools,
not only can solutions be found quicker and more
efficient, but the accuracy of best performing solutions
can be developed (Baglivo, 2003).
Optimization is done in three methods: single objective,
multi-objective with quantitative data, and multiobjective with quantitative and some qualitative data. In
any method, two or more competing data sets can be
graphed based on performance to get a pareto optimal
set or the best performing solution(s) (Radford, 1988).
The pareto optimal set is based on the “Pareto Frontier”
theory, originally created by the academic Vilfredo
Pareto who published a book on mathematical solutions
studying modern microeconomics in the early 1900s.
This was adapted to architecture in choosing efficient
design solutions today. The theory is a single-objective

model mapping the economic and societal performance
between quantitative data sets (Benjamin, 2013.
The mapping indicates all arrangements that are
equivalent in best performance which allows for
different solutions based on their trade-offs. Therefore,
the data on the thicker line of the graph would indicate
the best performing or pareto optimal set of solutions to
choose from in the single objective method. in the single
objective method.
The Pareto frontier theory can also be used in a multiobjective format, which typically involves quantitative
and occasionally qualitative data to achieve the same
set of effective solutions. This mapping occurs in the
multi-objective optimization method with two competing
data sets and performance goals being mapped
3-dimensionally. The best performing solutions are
shown in red while the worst performing solutions
are shown in purple. Each multi-objective graph
shows a “preferenced,” or “nonpreferenced” method of
optimizing (Benjamin, 2012).

Optimization
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RØDOVRE SKYVILLAGE
MVRDV

L-Systems
Michael Hansmeyer
“Can L-Systems be applied to the production of architectural form? Could they serve additional functions such as the creation of an
organizational logic, the segmentation of space, or the development of a structural system?”

Building Without Bias: An Architectural Language for the Post-Binary
Hannah Rosenberg, Royal College of Arts, London

Artificial Neural Networks as an Architectural Design Tool-Generating
New Detail Forms Based on the Roman Corinthian Order Capital
Kacper Radziszewski, Gdansk University of Technology, Poland

10

Big Data, ML, AI

Big Data, Machine Learning, & Artificial Intelligence
The rise of the affordable computer has given public
and private industry access to a manifold of data types.
Data records but is not limited to users, machines, and
free formed text. Due to the large amount of data being
produced and stored, it is termed “Big Data.” Big data is
defined as the combination of infrastructure, algorithms
and visualizations used to make sense of user and
machine generated data (Morrow).
Data is stored in databases and translated through
infrastructure programs powered by specific
algorithms. Algorithms are used to for business
intelligence, categorization, and exploit patterns to
users or marketers. Algorithms include mathematical
equations that include probability, statistics, and linear
algebra. Other algorithms are on the line of machine
intelligence, or machine learning (ML) (Hardesty, 2018).
ML is a consequence of modeling the human brains logic
mathematically, and the intuition of early mathematicians
and computer scientists like John McCarthy, Marvin
Minskey, and Seymore Papert in the mid 1950s. Marvin
Minskey and Seymore Papert began early research into
the perceptron method, which is uses a linear binary
classifier through a single layer neural network (NN).
The object of the perceptron method is to learn from
supervised raining examples to differentiate one or
more inputs into two broad categories. This research
has since grown into the field of ML and artificial

intelligence (Minsky, 2017).
Big data has allowed shelf ML problems to not only
develop, but develop itself. Algorithms like artificial NN
have the capability to learn from themselves, which
is called deep learning. Deep learning NN’s have the
capabilities to also classify unsupervised data, or nonclassified data, that shares commonalities to its tasks.
If implemented correctly, his allows us to feed new
information into the neural network without telling it
what to do.
Architecture has steadily been applying ML algorithms to
practice and modeling environments. Examples includes
MVDRV’s RØDOVRE SKYVILLAGE, and Michael Hansmeyer’s
L-Systems. However, most advancements for ML are in
academic research.
One example of classification is from Hannah Rosenberg’s
Building Without Bias: An Architectural Language for the
Post-Binary, developed at the Royal College of Arts in
London. It learns from google articles what gender the
language of architectural elements could be.
Another example of a using a NN is Generating New Detail
Forms Based On the Roman Corinthian Order Capital,by
Kacper Radziszewski at Gdansk University of Technology
in Gdansk, Poland. Radziszewski’s work used heat maps
of Corinthian columns to regenerate new orders of
columns.

Big Data, ML, AI
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Concept

Concept
The growth and understanding of applying machine
learning to architecture relies on the applications
targeted. This project seeks to apply an analogical
connection between architecture and sustainable
ecology, economically and socially. Each source of
sustainable design is considered a framework to classify
data analysis, research, and connections. In order to
make each connection, a analogical connection must be
per-determined by heuristically logic. These connections
are typically made through mapped visualizations, and
reduction of successful spaces and information.

Sustainable Ecology
The ecological forces of design include, but are not
limited to, social and economic infrastructure. These
forces are both objective and subjective in nature. Each
impacts the permanence of spacial success at a micro
and macro level.

All infrastructures are important to the disposition,
however social and economic infrastructure impose
the greatest threat to spacial success. It is important in
early phases of design to recognize these in the success
of new architecture.

Social infrastructure as described by Eric Klinenberg, in
his book Palaces For The People: How Social Infrastructure
Can Help Fight Inequality, Polarization, And The Decline
Of Civic Life, as “physical places and organizations that
shape the way people interact.” Social infrastructure
is both built and a series of activities. These include
architectural programs, but also what goes on in and
between those spaces. Klinenberg makes an argument
that ecological design should not forget about these
spaces as physical, especially when conceptually laying
out new design proposals (Klinenberg, 2019).
Infrastructure is also described by Keller Easterling in
her book, ExtraStateCraft as such, because it employs
space for public and private activities to freely trade and
perform. This implies economic infrastructure as a key
force in the permanence of spatial successes (Easterling,
2014).

Sustainable Ecology
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Ian McHarg: Design with Nature, 1969. Image taken from (A Response to Values, p81)

14

Generalization & Reduction

Generalization & Reduction
Information is abundant around us, and is typically
mapped visually. Through rendered drawings, or a series
of steps, design has used mapping to show the creative
construction and reduction of space. Architecture and
planning in particular use mapping to exploit issues or
solutions in conceptual design.
The ability to exploit mapped information was partially
discovered by landscape architect Ian McHarg who
wrote Design with Nature. His concept in planning used
a series of maps depicting different ecological systems
overlaid to speculate on the conditions of space (Mcharg,
1986). McHarg’s concept has been implemented into
basic CAD systems, and most notably in Geospatial
Information System Mapping (GIS). As designers, the first
step in conceptual design is to understand the context,
typically through the lenses of mapping and information.
This implies generalizing what information is telling us,
and projecting it into future concepts of our designs.
These technologies, when implemented correctly, are
useful to making objective information from shapefiles,
and excel sheets to visually compelling knowledge.
Knowledge that creates speculative assumptions, and
subjectively influence on design decisions.
Simultaneously, GIS information is reduced to their core
typologies. According to each discipline, designers alike
reduce information to their experiences and knowledge

of differentiated typologies. One comprehensive
categorization of information is Keller Easterling’s
ExtraStateCraft; The Power Of Infrastructure Space.
Easterling reduces space to it’s object and active forms
(Easterling, 2014). The object forms being architecture,
and active forms being the use of what’s left of space and
specific programs. These reduction techniques make it
easier to answer conceptual questions in a multivalent
way.
Easterling also wrote Subtraction, a publication on the
costs and benefits of removing these objects from space
(Easterling 2015). Similar to Rem Koolhaus’s Delirious
New York, the concept of mapping activities as separate
societies within New York City blocks (Koolhaus, 1994).
The subtraction concept implies a need to study what
space already expects in there daily cycles of social,
economic, logistic, and consumption permanence. Simply
removing an object can spark a theoretical downgrade
of space and activity.
The overlay of reduced objective informative forms can
subjectify how we speculate ecological environments.
In architecture, this is important to our understanding
and ability to make compelling new designs, as well
as market the needs of our ideas seeded in objective
thought. However, these ideas are not simple, and never
will be simple. We must identify them accurately and
quickly to design for a comprehensive environment.

Generalization & Reduction
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Conncetionism vs. Symbolism

test

s

Symbolism:
The representation of ideas or qualities with or from symbols, and a
logical solution that can be interpreted as a definite solution.

Connectionism:
An artificial approach of multiple mathematical connections betwee
information parallel to one another and grouped together in hierar
create new thoughts or actions.

Human:

Machine:

Logic:
Type of reasoning assessment referencing principles of validity (e.g.
argument with measurable outcomes to back up its statement).

Analogical:
Type of reasoning that references accepted similarities between tw
more solutions to draw a conclusion of a further similarity exists.
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Connectionism vs Symbolism
Similar to mapping, we symbolize information that is
gathered through lenses of posteriori knowledge. The
theory of symbolism is the representation of ideas or
qualities, with or from symbols, and logically can be
interpreted as a definite solution. Logic is a definite
answer to a problem, which human cognition is capable
of based on posteriori knowledge.. Designers root
symbolism in standardization, and studying the tradeoffs over time. This logic is widely accepted, and proven
necessary by all industries (Minskey, 2017).
Human cognition is a series of these posteriori models
that heuristically approach problems. Reversely,
connectionism attempts to replicate these facets of
n
heuristic models, both artificially
and mathematically.
The theory of connectionism is an artificial approach of
multiple mathematical connections between information
parallel to one another and grouped together in
hierarchies to create new thoughts or actions. With
the wide acceptance of posteriori concepts, we can use
a priori assumptions to project symbolism into new
theoretical analogies. Analogies are a type of a priori
reasoning that references similarities between two
or more posteriori solutions to draw conclusions that
further similarities exists (Ha, 2018) (Forester, 1971).

i

The concept of connectionism roots itself in machine
learning (ML) forms. However, no matter how narrow

the scope of ML, all connections are done without
human logic specifications, but with mathematical
specifications. ML can provide connection networks of
nodes, or information to describe the solution a priori,
but without logic the answer is not definite. Therefore,
any results a ML algorithms can generate in a given
problem are closer to the true solution, but not the
definite solution (Peng, 2017).
The argument of connectionism and symbolism can be
found in the construction industry as performance and
prescriptive requirements. The example of New York City
Building Codes implies a level of prescriptive symbolism.
As the building gets taller it must step back from the
street. Therefore, it is common architectural language
for the city’s tallest buildings to have a narrow blocksubtraction-like form. While performance objectives,
usually a seed of minimum prescriptive values could
be an example of connections between the best and
worst performing qualities of the vernacular make up of
similar building types.
The trend of architectural design is to employ more
standards and expectations. Connectionism allows for
flexibility and application of standards, which could
progress designs in the future by realization of old and
new ideas.

Conncetionism vs. Symbolism
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Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals
Site Context
Precedents

Design Rules / Parameters
Analyze to meet performance goals
Develop Nth Generation
Massing Generation
Apply construction standards
Initial Optimization

Program Layout
Square Footage
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Traditional Workflow

Build

Analyze
Occupancy

Proposal
While considering how architects incorporate computers
into the design process as a tool for representation.
Whether it’s ideate before inputting into the computer or
input initial information to print out and manually manipulate
on paper, the computer is itemized as a tool similar to a
pencil or clay model. This workflow reduces the role of the
computer. As a representation tool, the computer is far
undervalued, and the improvements of technology today
can provide analysis, and make quantifiable decisions to
influence the design process.

Traditional Workflow
Past architectural design processes consider 5 or 6
phases of design. Conceptual Design, Schematic Design,
Design Development, Documentation, Construction, and
Use. Each phase consists of specific steps that flow into
one another (Mills, 2001).
Building information modeling recognized the slow
output of later phases of design, and modeling the building
in new 3-dimensional tools. Therefore, from the earliest
stage of design, BIM can track the design decisions from
beginning to end. It can also be implemented into post
design or user studying.
Today, we can learn a lot from our buildings. However,
what do we do with all this information? We can apply
it back to the building, and improve its performance. But
can we use it to impact new designs today?

Traditional Workflow
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Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals
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Develop Nth Generation
Massing Generation
Apply construction standards
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Designer

Predicted
Concept

Conceptual

Parameters

1. Social and Economic Need
2. Use
3. Standards
4. Objectives

Schematic

1. Utilitas, Firmitas, Venustas
2. Parameters
3. Massing
4. Fit building codes

1. Height
2. Shape
3. Position
4. Building Code Requirments

Objectives
1. Area
2. View
3. Shade
4. Social impacts
5. Economic impacts

Context Training Data
Object Forms

Neural Network

1. Exisitng Building Parameters
2. Existing Building Objectives
3. Exisitng Building Disposition (amenities, use, etc.)

Active Forms
Correlated Radius (0.5

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)

Site Context Data
Active Forms
Radius (0.5 mil)

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)
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Proposed Workflow

INFRASTRUCTURE
BIG DATA

SCHEMATIC
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ML
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Proposed Workflow
Phase 1:Infrastructure Big Data
Most cities collect data from their built infrastructure
and make it available for public use through open source
platforms. This data varies from buildings, roads,
demographics, economy, and cellular application data.
Private industry, including architecture, collect data on
themselves, projects, and users, but most do not freely
share it with the public. This collection of data can be
used in many ways, and can be leveraged to interpret
sustainable behavior, context, and dispositions in urban
planning and architecture.
Phase 2: Analytics and Research
The bias to theoretical concepts comes from precedents
with statistical proof. The advantage to analyzing data
and research can expose and improve new conceptual
infrastructures. Many industries leverage simple and
complex computational methods to expose new concepts.
Therefore, valuing this phase of conceptual thought is a
continuous series of inputs and outputs.

method will advance the pace of proving concepts or
exposing new micro concepts that may be overlooked.
Phase 4:Conceptual Goal Data
Post analytics and research should output a concept of
thought. This outcome should help in decision making, but
broadly, does not maintain the multi-variant information
that our infrastructure performs for overwhelmingly.
The addition of a neural network can output more
specific conceptual information and make advanced
sustainable decisions quickly.
Phase 5: Schematic Design Abstraction
The proof of the conceptual goal data the neural network
provides becomes a schematic speculation for the
designer to build on. This is where traditional design can
focus its creative attention, and abstract the concept into
the architects new design.

Phase 3:Neural Network
A neural network is an artificial connection agent, similar
to neurological connections, that can easily be trained to
respond with similar or new conceptual infrastructure.
This process has been used in many industries to
analytically expose key concepts. The advantage of this

Proposed Workflow
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Borough
Block
Lot
Community District
CT 2010
CB 2010
School District
Council
Zip Code
Fire Comp
Police Precinct
Health Center
Health Area
SanitBoro
SanitDistr
SanitSub
Address
ZoneDist1
Overlay1
LtdHeight
SplitZone
BldgClass
LandUse
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OwnerType
OwnerName
LotArea

BldgArea
ComArea
ResArea
OfficeArea
RetailArea
GarageArea
StrgeArea
FactyArea
OtherArea
AreaSource
NumBldgs
NumFloors
UnitsREs
UnitsTotal
LotFront
LotDepth
Ext
LotType
BsmtCode
YearBuilt
HistoricDist
Landmark
BuiltFAR
ResidFAR
CommFAR
ZoneMap

MapPLUTO
https://www1.nyc.gov/site/planning/data-maps/open-data/dwn-pluto-mappluto.page

Street
SAFStreetN
FeatureType
SegmentType
NonPed
TrafDir
TrafSrc
SpecAddr
StreetCode
LBoro
RBoro
L_CD
R_CD
AssmDist
ElecDist
SchlDist
SanDist
BoroBondry
Radius
RW_Type
NYPDID
FDNYID
StreetWidth
BikeLane
Bike_Trafd
Posted_Speed
Snow_Priority

Number_Traf
Number_Par
Number_Tot
Carto_Disp
ROW_Type

LION

https://www1.nyc.gov/site/planning/data-maps/open-data/dwn-lion.page

constrct_yr
doitt_id
feat_code
geosource
groundelev
heightroof
date_lstmo
time_lstmo
lststatype
mpluto_bbl
name
Shapefile

Building Footprints
https://data.cityofnewyork.us/Housing-Development/Building-Footprints/nqwf-w8eh

PHASE 1
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Big Data and Infrastructure

Big Data and Infrastructure
The Bronx, NY site was chosen for the abundance of data
that can be accessed from NYCOpendata. New York, NY is
one of many cities that provide a comprehensive dataset,
including tax lot, census, building footprint, road, and other
data.

Big Data and Infrastructure
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Object Features

Active Features

Built Infrastructure
Single Family Residential
Multi-Family Residential
Mixed Use Commercial+Residential
Commercial
Office
Arena
School
College
Library
Police Station
Newspaper Stand

Social Infrastructure
Soccer Fields
Basketball Courts
Public Plazas
Playgrounds
Recreational Green-ways
Gyms
Wifi
Cellular Tower

Parameters
Floor Area Ratio
Open Space Ratio
Stepback Heights
Entrance
Building Core
Unit Sizes
View
Proximity
Street Frontage
Street Class
Plaza Type
Parking

PHASE 2
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Research and Analysis

Economic Infrastructure
Retail Shops
Restaurants
Bars
Coffee Shops
Transportation Infrastructure
Subway
Bus
Taxi
Bikable Streets
Pedestrian Paths
Directional
Squarfootage on Site
Proximity to Street Class
Distance to Open Space
Direction to Open Space
Distance to Shore
Direction to Shore

Research and Analysis
Similar to the ExtraStateCraft by Keller Easterling, this
thesis considered the data revived from open data sources
in two categories. The building and it’s data, followed by
active forms of data surrounding it.

Research and Analysis
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Shapes:
Extracting the geometry
for PLUTOmap correlated
tax lots.
Meerkat:
Input PLUTOmap shapefile to
parsing component.
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Research and Analysis

Metadata:
Parsing the specific datasets
correlated from the shapefile.

Metadata:
Parsing all the
information correlated to
each dataset, and
reciving the numerical
number associated with
all PLUTOmap data.

Shape
Selection:
Outputing
specific
shapes
according to
correlated
datasets.

Data Parsing
This specific grasshopper definition scripts only tax lots,
road data, building footprint data, and their respective
information from the Bronx borough only. Using GIS
component “Meerkat,” the data parsed can be read in
grasshopper and outputted onto a new excel sheet to in a
supervised format.

Research and Analysis
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Metadata:
Parsing all possible zone types
from generalized zoning
catagories.
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Research and Analysis

Shapes:
Correlating and selecting specific
zone types and their shapes.

Data Parsing
Question:
The site is specifically zoned for C-6 and R-9 zoning codes.
Can I isolate specific sets of data to narrow the search?
Solution:
This grasshopper definition found specifically C and R
zoning types, and isolated their shapes and correlating
data.
Application:
By removing specific information about building
parameters and lot information, The solutions should be
set up in the building code rules as laid out for city building.

Research and Analysis
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Shape:
Output shape data from
previous steps.
Point:
tax lot
center
points.
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Social Disposition:
Selecting the tax lot, and
drawing a 1/2 mile radius
circle to contain
infrustructure disposition.

Research and Analysis

Metadata:
Correlating all lots within 1/2 mile radius of
selected tax lot. Outputs a number to grab all
pre-existing metadata useful to proposal
question.

Shape Outputs:
Outputing
correlated
datasets and
shapes.

Data Parsing
Active information can be parsed in any form of GIS
geometry. By setting up a .5 mile radius from each tax lot,
the grasshopper definition can grab clusters of datasets to
correlate to the site.
Question:
What road data, building parameters, tax lots, other
input data sets are located with in a walking radius of the
training building objects?
Solution:
Simply drawing the circle and extracting all spatially
related information that can be found. All information
should be written to a excel sheet in a supervised format.

Research and Analysis
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Shape:
1/2 mile radius
for lot, and open
recreation
landuse lots.

Correlation:
Parsing the specific data within the 1/2 mile radius.

N
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Research and Analysis

Directional Metadata:
Generalizing correlated shape data in
proximity of lot. New metadata is
extracted in North, East, South and West
catagories as count, total area, and
distance to nearest entry.

Data Parsing
Finally, creating new data from past spatial information. By
overlaying spatial information, it is capable to subtract and
cut it up by direction, proximity, versatility, etc.
Question:
How can I leverage directional and positioning building
parameters or correlated active features?
Solution:
By implementing a grasshopper definition that divides
shapes by direction, and interpolates area amounts with
positioning on quarters of the site. Similarly, grabbing
surrounding zones allocated for programs such as parks
and recreation within these directions. Correlating area of
these spaces with the direction may imply a connection to
views or economic influence of building types and services.

Research and Analysis
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Object:
Sustainability

Active:
Social

34

Active:
Economic

Neural Network

INFRASTRUCTURE
BIG DATA

ANALYTICS &
RESEARCH

ACTIVE FEATURES

NEURAL
NETWORK

OBJECT FEATURES

CONCEPTUAL
GOAL DATA

Neural Network
Graphically displaying the data is in a knowledge map. The
graph on this page displays an average of all data under the
category of economic infrastructure, social infrastructure
and object parameters.
The neural network visualizes the data relationships to
others. The 2-dimensional graph is a generalization of
where solutions could end up.

Neural Network
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Hidden Nodes
Links

Links

Input Feature
Output Feature 1
Input Feature
Output Feature 2
Input Feature
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Neural Network

...3, 4 ..., n

Neural Network
For this phase, the Crow component was used in for
back-propagation in Grasshopper. Crow is a form of
simple neural network that takes supervised training
data, and puts it through a series of activation functions
to create a viable set of hidden layers.
Activation functions are shelf machine learning
algorithms that are further explained on the next page.
Each activation function is represented in a hidden layer
where each set of information runs through together
and weights itself. The weights help the neural network
make decisions when testing the function.
This specific neural network runs through a Logistic
Sigmoid layer, Logarithmic layer, and Hyperbolic Tangent
layer.
The mean square error (MSE) is the training validation
of the function. To test the function 20% of the data is
kept separate of the training data, and is separated into
epoch sets. Each epoch tests the function and compares
its outputs to the actual supervised solutions. The epoch
sets are averaged to get a generalized solution.
Finally, the input and output features are rewritten
between 0 and 1 for the function to run smoothly. After
the test data is outputted, the numbers need to be
remapped to their receptive domains.

Neural Network
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Nodes

Sigmoid Layer

Hidden learning nodes perform each function a series
of times to output the correct data. The System is set up
in a series predetermined by the designer. In the Crow
back-propagation functions, only 5 activation functions
can be determined: Linear Regression, Logistic Sigmoid,
Logarithmic, Hyperbolic Tangent, Hyperbolic Sine.
(Nakayama, 2009)

The sigmoid layer, or logistic function, is a mathematical
function depicting the characteristic of an subtle S-curve
rather than the straight curve of the linear layer. Used with
artificial neural networks, the sigmoid layer is also called
the activation function that defines the output of a dataset,
or node or neuron, given the input of a dataset. The logistic
activation function maps scalar input values within the domain of -1 to 1, and outputs values within the domain of 0
to 1 that are scaled to expected output values.
A simple logistic activation function is the typical equation
f(x)=1/1+e-x where f(x) is the output layer, and x is the
input layer. The S-curve in figure _X_ is interpreted as a
learning curve, where solutions are mapped on a rating
system and thus improving learning subtly until a climax
is reached where the best f(x) output is reached from the
best x input.
This function is reflected in the biological neural networks
representing rate of action potential from firing in a neon
cell. The more realistic version of a logistic activation function is a binary which looks like a step and the positive slope
reflects the increased rate of firing and the horizontal nature of the curve reflects normalization of the learning
function. The binary function presents problems of realistic behavior of beginning the firing process and approaching normalization, or 100% of the rate of firing. Which is
why a sigmoid function is more realistic in behavior.
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Neural Network

Logarithmic Layer

Hyperbolic Tanget

The logarithmic layer is another activation function
in neural networks that is like the sigmoid layer. The
logarithmic function is an inverse exponential function, where the independent variable x is the exponent
of base b, to produce the dependent variable y, in the
simplest example: logbx=y or bx=y.

The hyperbolic tangent, tanh for short, is the alternative
function to a logistic sigmoid function. Similar to a
multivariable function, for example y=(x-2)^2, there will
be more than one input value for the perfect output, 0. A
tangent function, tanh(x)= sinh(x)/cosh(x) = (e^x-e^-x)/
(e^x+e^-x), inputs multiple unknown values, that output
similar values no matter its distance from the perfect
input, 0. The inputs are measured in radians of a circle, and
output values are amplitude of the waves.

The complex logarithmic function is used to simplify
quantities, and commonly used in elementary calculus
as natural logs, derivatives, anti-derivatives, integrals.
Applying logarithmic functions is a scaling method to
simplify or standardized data typically used in statistics, physics, computer science, and economics. In
computer science, logarithmic functions contribute to
studies of analyzing the performance of algorithms by
dividing problems into smaller and more manageable
algorithmic subproblems.

The plotted data will define the amplitude of values of a
prediction curve.

Neural Network
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Conceptual Goal Data
The multi-variant inputs and outputs of information form
the neural network process are displayed onto a circular
graph. With each piece of data meaning something specific,
the circular chart can show relationships between inputs
and outputs. These differences are a visual representation
of the solution before being abstracted into building form.
Above is the Rhino version of the tool. Specific filters were
created to stack datasets based on preference. This acts as
a reinforcement agent and skews the output, or conceptual
goals.

Conceptual Goal Data
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FAR: 0.0-0.5

FAR: 0.5-1.0

FAR: 1.0-1.5

FAR: 1.5-2.0

FAR: 2.0-2.5

FAR: 2.5-3.0

FAR: 3.0-3.5

FAR: 3.5-4.0

FAR: 4.0-4.5

FAR: 4.5-5.0

FAR: 0.0-10.5

1
Unfiltered

2
Economic:
Water Views

3
Economic:
Water+
Open Space
Views

2
Economic:
Open Space
Views

5
Social:
10th Percentile
Arrest by

Police Precincts

6
Social:
50th Percentile
Arrest by

Police Precincts

7
Social:
90th Percentile
Arrest by

Police Precincts

8
Social:
High # Schools

9
Economic:
Retail +
Restaurants

FAR Filter
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FAR Filter

Schematic Design Abstraction

FAR Filter

FAR Filter

FAR Filter

2.0

1.5

1.0

0.5

0.0

ALL

4.5

4.0

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0.0

ALL

4.5

4.0

3.5

3.0

2.5

2.0

1.5

1.0

25%

0.5

25%

0.0

25%

ALL

25%

4.5

25%

4.0

50%

3.5

50%

3.0

50%

2.5

50%

2.0

50%

1.5

75%

1.0

75%

0.5

75%

0.0

75%

ALL

75%

4.5

MSE
Data Sets

4.0

MSE
Data Sets

3.5

MSE
Data Sets

3.0

MSE
Data Sets

2.5

MSE
Data Sets

2.0

Arrests 10

1.5

View of Open Space

1.0

View of W+OS

0.5

View of Water

0.0

Floor Area Ratio

PROGRAM BREAKDOWN

Housing
80% FA

Commercial
20% FA
1
1. Direction
2. Offset
3. Residential Entrance
4. Rotation

2
3

FAR 2.5-3, UNFILTERED
0’ 10’ 25’

50’

INCLUSIONARY HOUSING
STUDIO
16’
ONE BED
23’
TWO BED
31’
THREE BED
38’

100’

80’

MARKET RATE HOUSING
STUDIO
24’
ONE BED
32’
TWO BED
42’
THREE BED
58’

60’

60’

10’ 10’

10’ 10’

((Y*.8)-60+10!) or 100’

((Y*.2)-20)’
(X-10)’

SCHEMATIC FLOOR PLAN
0’ 10’ 25’
50’

100’

PHASE
5
Schematic Design
Abstraction

FAR Filter

FAR Filter

FAR Filter

4.5

4.0

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0.0

ALL

4.5

4.0

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0.0

ALL

4.5

4.0

25%

3.5

25%

3.0

25%

2.5

25%

2.0

50%

1.5

50%

1.0

50%

0.5

50%

0.0

75%

ALL

75%

4.5

75%

4.0

75%

3.5

MSE
Data Sets

3.0

MSE
Data Sets

2.5

MSE
Data Sets

2.0

MSE
Data Sets

1.5

Retail / Restaurant

1.0

Civic / Education

0.5

Arrests 90%

0.0

ALL

4.5

4.0

3.5

3.0

Arrests 50%

ALL

The matrix of buildings references 99 iterations of the
building parameters and conceptual goal outputs. The
correlating graphs below map the neural network
input datasets, and mean square error. Each building
is abstracted by 4 main parameters and the FAR from
the neural network. Relationships to output data can be
speculated with reinforced filtering of training datasets.

0%

2.5

80% HSG FA
Market Rate
Inclusionary
20% HSG FA*

4

FAR Filter
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Social Infrastructure
Number of Civic Buildings
Distance to Civic Buildings
Direction to Civic Buildings
Number of Schools
Distance to Schools
Direction to Schools
Number of Open Spaces
Area of Open Spaces
Distance to Open Spaces
Number of Subway Stations
Distance to Subway Stations
Direction to Subway Stations
Bikeable Streets
Street Directions
Street Driving Lanes
Street Parking Lanes

Object Parameters

Economic Infrastructure

Object:
Parameters

Floor Area Ratio
Building Footprint Area
Commercial FAR
Residential FAR
Property Position
Unit Sizes
Tower Rotation
Tower Height

Number of Retail Stores
Distance to Retail Stores
Direction to Retail Stores
Number of Restaurants
Distance to Restaurant
Direction to Restaurants
Number or Commercial Buildings
Distance to Commercial Buildings
Direction to Commercial Buildings
Number of Office Buildings
Distance to Office Buildings
Direction to Office Buildings
Street Frontage
Proximity to Street
Distance from Major Street
Speed of Major Street
Parking Spaces

9

1

4

5

7

6

8

2

3

Active:
Social

44

1 2 3 4 5 6 7 8 9

Conclusion

Active:
Economic

Conclusion
In conclusion of this machine experiment into influencing
design at its earliest state, there is still much research,
testing, and analysis to do before this tool can be
considered for implantation into conceptual design.
In larger teams, more research could be done in the
micro forces of ecological successes. Each connection
should be rigorously tested, speculated on and criticized
logically. Finally, the architect should be trained in data
analysis in multivalent filtering of data.

A New Approach to Architectural Data
Although this tool failed more than succeeded in this
thesis, the main desire is not far from success. With
time and more individuals helping the cause, the desired
connections and result could be desired.

codes. How this tool was set up within the thesis focused
heavily on FAR and zoning location. This tool could
enhance an objective reasoning to change parcel zoning,
and building requirements.

A neural network is capable of making decisions in the
early phases of design given the correct amount of data.
This tool made connections with all three frameworks.
Through reinforced preferences, the tool was able to
orient solutions based on supervised analogies of the
data.

Finally, as an academic in architecture, I believe this is
an effort to holistically approach a project, which many
design proposals cannot consider all factors typically.
However, influencing the concept and early schematic is
an area to attack the issue at the source. New rounded
concepts could create more interesting architectural
solutions.

This tool primarily failed because of the lack of rounded
data. Most of the data was centered in an average state,
or what current resilience is built on. Environments
where resiliency is challenged are interesting spaces to
employ this method, and may benefit from shifting data
sources, or applying data from similar historical events.
The tool also failed in accuracy. Many of the Mean Square
Error (MES) values were hovering above mean. During
the development of the tool, these high errors were not
a concern for the amount of very different data used.
Instead, the MES values implied a form of provocation.
The expectation is with more data, the better the
accuracy will become.
One implementation that this tool could provide a new
solution for is performance based zoning or building

Conclusion
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Final Presentation Transcript

Final Presentation Transcript
This is the transcript of the final thesis presentation
held on Thursday, April 25th, 2019 at the University of
Nebraska-Lincoln College of Architecture. This followed
a 15-minute presentation on the project, reflection
on pinned up works, and a video of concluded building
outputs. Additionally, specific questions were later
answered in depth, and are found throughout the
transcript.
Participants included:
AC – Andrew Chase, Thesis Student
MH – Mark Hoistad, Thesis Advisor
DN – David Newton, UNL Faculty Critic
SK – Dr. Sharon Kuska, UNL Faculty Critic
JM – Julia McMorrough, Guest Critic
HF – Heather Flood, Guest Critic
JH - Jeff Halstead, Guest Critic
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DN: So, you’re giving it some inputs correct? You
train a neural network; it finds a function for you
then can map an input o an output that will give
you a prediction. So, what inputs are you giving
it here and what is it predicting?
AC: So, it is specifically predicting these four
parameters and the FAR values as parameters
themselves. I am basically giving information
from around the sites and then the sites specific
and the it’s predicting based on the stuff I’m
giving it all this information which is FAR, speed
of roads around it, material , direction, which
road class is closest, rotation, view of parks.
DN: So, you’re training it on these “hours of
ranking”. So it’s learning, you give it a bunch of
examples of existing buildings, that you have
the input which is the outer ring, and you know
what the output is which is the inner ring, and
so you train a number of those example s until
you get to the point where you can now use it for
predictions is that right?
AC: Yeah
DN: So given the empty site you can say, these
are the parameters of that empty site, it has
no retail, it has whatever those values are for
these active forms, those parameters, and then
what it’s doing is its giving you the prediction on
the average that’s the type of building that you
expect to fit in that area.
AC: Yeah, but instead of it being, and the reason
why I call it schematic abstraction is because
that’s where the architect can actually come
in and design base on conceptual goals. So
conceptual data is what in the center piece, and
that where you can take that information and
try and add it to the program, and maybe what
does the building look like, how does really react
to the site, what does this information actually
say?
The value of this tool is to give a more informed
concept. The concept will inform the project, and it is
the architects job to create the best architecture for
the site.
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>

DN: Yeah, so what do you think the value of
the architect to use this tool? What is the
prediction?

AC: Currently right now, it really predicts
the FAR value, in my opinion. I tried to get it to
predict how to relate to the building, to look at
parks, water, which typical economic values,
especially for housing. Also, I was trying to
get it to predict entrances, where entrances
would be, positioning on the site, which it does
pretty well. There was one conclusion I came to
for education data, schools and civic buildings
around it. Where it wanted to be closer to roads
that were smaller and pedestrian friendly,
bikeable roads. So, if you look at how the building
themselves, they position themselves on the
other side of the site, towards the smaller road,
while commercial programs locate closer to the
main road. Which is the preferred location.

>

HF: Well, I don’t quite understand it. But I’m
trying to understand it. You talk about you know,
it wanted to be by the certain types of roads, but
then you input of your information which pulled
it a different way. I mean, how do you know
when to stop inputting information, you know it’s
just kind of bouncing around. At some point you
stop, and say alright, this is it.

The stopping point is one of the toughest
decisions to make when making the dataset,
however, a database API could continue to
grow, and update the tools database when
it sees fit. There is also the choice to use
realtime data in some cases if this were
developed.

AC: Yeah, I mean one of the main things with
Neural Networks is you want a lot of data.
Whether it continues to add new data, or
because you can also do it real time, I mean
tensor flow is a version of neural network that
takes real time information from the space
that your in and learns from that as well, but in
terms of when to stop , that’s when you go and
test it.

>

HF: Because you don’t want it to be a victim of
circumstance, you know, like I fed in all this
stuff and I got this. In other projects I’ve seen
today, that look at different ways of automating
design, the question of judgment is always on
the table. Subjective judgments. So, I look at that
rendering, I’m don’t know where the boundary
is between the circumstantial stuff versus
where your judgment is as a designer. Like what
dictated the brick?

This will continue to be an issue throughout
the question and answer portion of the
review. The brick is a parameter dictated
by facade treatments from the building
footprints datasets.

Final Presentation Transcript
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AC: So the brick was a material component, from
the framework that is added to it. I gave it the
outside information, or the active data, and the
supervised or connected building itself, and that
gave it the brick, or metal, of the mix of brick
and metal or some other material. It came out
majority brick itself, and that’s just because. That
main section of data, most of that information is
brick, so it already skewed itself in terms of the
neural network.
HF: I honestly don’t understand, sorry, I mean
where’s the brick coming from. There are a
bunch of other buildings around it that are brick,
and it’s kind of a reflection of its context.
AC: So, Basically this is what I’m trying to say,
it’s taking the building itself, lets just say it’s
taking information from this building, and it’s
applying information from buildings around it
which could be parameters of building around it
and the active space or what’s going on around
it (program). Then when I apply a new site
which I have chosen to it, it goes through those
connections which have similarities to it, and it
kind of averages out what that solution could be,
and spits out a 1, 2, 3, or 4 which is how I set up
the material data.
HF: So, could this be considered hyper
contextual building?
AC: Yeah, I think it would be better if you called
it hyper precedent. We use a lot of contextual
information to come up with a concept, which
is essentially what it’s doing which is I’m taking
that information and overlaying it with a new
concept with information that is relevant to
precedent.
This is considered a precedent design experiment
because the design of the buildings parameters is
from similar buildings parameters.

>

HF: Tell me why its precedent instead of
context?
AC: Well the precedent is context.
JM: And it’s the only context, or the context is
the only precedent.
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AC: Yeah, which I mean it could grow, it could
take information from all over the world.
If I wanted to do skyscrapers, I could use
information from New York.
HF: So, if you averaged everything in the world
that is what the building may look like.

In some ways, the precedent is a personality type. The
preference of specific information is reinforcing the
concept, or a theoretical architecture personality.

The narration of why specific preferences were
made would require a project with real outcomes.
This would introduce a new set of hyper specific
preferences. As this idea should grow, the possibility
of using this a narrated method of design decisions
could be implemented, but for the concern of early
design phases, there was no need to insert a
narration instance.

>

This isn’t giving up, instead a machine process of
producing concept and schematic design is already
relevant with how machines are implemented today.
We should be excited for this could introduce new
concepts, or the designer could seeing something the
machine didn’t and apply new concepts for it to learn
just as quick.

>

JM: Yeah, I mean I appreciate the effort, and
work, and how you sort of geeked out on
the putting the networks together. But I kind
of brings up bigger issues for me. Why as
architects do we want to advocate this moment
to data and sort of like oh my hands are tied I
didn’t make those decisions, I’m going to blame
it on the computer, It did it, and now I’ll pick it
up and do whatever wants to happen. I just feel
like that’s just a little bit, giving up a little bit.
I think for me, it’s more interesting to take the
zoning envelope as given and become issues.

>

JH: But that, let’s think about this, so that would
be your decision. The benefit of using, and this
came up earlier in all the projects discussed,
I think we’re at a point where we need to
clarify some stuff, the position of the algorithm,
has a particular personality that it favors
something. In this case it’s context, let’s call
this a contextual personality type, and there
is probably a litany of these personality types
that you would perhaps use to digest all that
data, which would favor other needs, and then I
don’t know I guess, what, at the end you pin them
against each other or something. But that would
be, I think the way that you narrate this is, this is
one type, this is how I would describe you, this
is what it’s favoring, This is what it likes, It likes
the brick from buildings around it, and it likes to
look at the park. Those are all of the decisions
that it’s making. Then putting all the data in and
looking at the varying sites, you get a series of
different responses, and it would be in a way the
things that it likes and doesn’t like. Really try to
describe it in that manner. I think the graphs and
stuff; I think they are great as data sets. I think
they’re useful for you, but in a presentation, its
something that I think could be quite provocative.
The descriptions almost want to have some
kind of human syntax.
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transcendent in how you sort of play with those
how you sort of play with those issues. Will you
push back against moment? Whatever you do
as the author becomes the thing. I guess I made
that question, also, is there is a different point
in the process that this could com into play. Or
are those decisions really are unknowable?
Or does this come into structural systems, or
I don’t’ know, things that are much harder. For
me, I think coming up with the form is the most
exciting part of the building and then working
within that. So, I wouldn’t say it’s misplaced or
something in the process. I mean I think it is an
interesting thesis, I just wanted to say that. But,
If I go back to the initial question if this were
not the context, or if your dataset were bigger,
could in your thesis, you actually show all this
difference, what is the world version, all data
from the whole world, what does that look
like. Or I’m here, or I’m there are you going to
get different things, or are they always going
to always kind of capture and exact building
form. Where do you want to go with these
combinations of this?
This is not far off from the truth. Although these
values are not averaged, the data map and solutions
will lay within the center of the map. Therefore, we
could see them as average data or speculate further
and see them as potential provocative boundaries to
develop a building from.

>

HF: Yeah, I mean, this ends up being the
architectural mean of this neighborhood. If
I averaged everything, this is what the mean
would be.
JH: It’s like a swatch.
HF: Wholly shit, we need to change out
neighborhood, because this ain’t good. I’m
not saying this buildings bad, what I’m saying
is you’re pitching it as a measurement of the
average architectural values in the immediate
surrounding area, and if you averaged those
values, and this is a representation of values, not
a proposal for what would be an ideal building,
because usually average isn’t ideal. It’s average.
AC: Yeah, I just want to point out, it’s not average.
HF: Okay
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AC: This is a form of optimization, it’s not a
form of averaging information around it. So, I
wouldn’t say it’s average, that’s why I specifically
picked the Bronx, because it had the highest
amount of crime data, and the idea is that you
can apply specific data from surrounding
areas specifically on crime to try and bring in a
concept that might influence that crime data to
go down.
HF: I’m interested in this, because I see on your
print over their arrests, 10%. Why are you
feeding in arrests, and how does that register
in that object? Like point to it, is it the location of
the opening, is it the slope of the ramp, I mean, I
don’t know, what’s it telling you?
AC: So, what I was going back to is this specific
piece, it’s what’s around that building and
what is that building itself, and it’s making a
connection between these two. The data that
I’m grabbing is in the 10 percentile of arrest
data, meaning it’s at the highest point of arrests
data itself. That connection will say that. If
I preference something between zero and
twenty-five percentile of arrest data, the it’ll
take that information and put it in the neural
network, instead of taking, maybe the better
information that has the higher…
HF: You got to understand that I don’t know what
Neural Network means. I know bricks, and glass,
and building. I don’t know what that means. You
got to translated it into that language for me.
How is that here?
JM: What have you been told from your data that
makes that building? Is it trying to ameliorate
the problem? We are going to have fewer
arrests now because this building exists, or is
it holding down on, yeah, we’ll continue to have
these arrests at the same rate?
AC: First off, let’s just forget about the building
itself, because that’s where we are getting
confused. It’s an abstraction, its simply my
understanding of a mass based on this data.
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HF: We’re Architects!
AC: I’m specifically preferencing data from
other buildings, and it’s giving me a prediction
of what this building data should be. Then, I’m
abstracting that into the buildings, but the
building itself has nothing to do with it. There
was preferencing brick, like we talked about
before, that information means something else
for a different designer.
The data is manipulated through reenforcement
stacking. I specifically duplicated information based
on the prefrencing agent to get a in between or more
specific solution.

>

SK: How are you manipulating this data?
Because, you say, I select this and I select that,
but what’s your degree of interaction with the
program which is manipulating.
JH: But, really quick, back to Julia’s question. By
incorporating that social dimension.
AC: Yeah
JH: You have to answer to that, or at least help
us understand why it’s been incorporated?
AC: The arrest data was used to start out to pick
a site, to influence the site. Because a lot of times
with concept you want to have something that
is either going towards the vernacular or just
trying to apply what’s already there, or also try
and make a provocative statement.
JH: But there’s many levels of determination,
I could see arrest data as being a bad thing,
tailor my AI to construct a large wall. So, I think
you just need to make a position, or inversely
scrap it and just focus on the architectural
components. Provocations, thinking of that
material, the site, and FAR. I mean that I think
huge. You need to define your stance, because
once you get into ideas of implicit bias, you know
what implicit bias is? It’s looking at different
areas, it was heavily studied in shootings, and
why certain people were being shoot more than
others in other areas.
HF: Police Brutality.
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JH: Police Brutality. They kind of realized
through police brutality, the very array of
different arrests and layers created a different
type of environment. That in certain areas
suppressed those shooting in certain areas, and
certain areas didn’t suppress them. There’s so
much there, it’s almost a whole other thesis.
AC: Well, the key to this thesis, I guess I didn’t
say it very well. This is a multi-variant form of
concept. Which most of the time you see Bijarke
Ingles Group, they come up with just the form
they say that is the concept and they carry it
through.
JH: They come up with a diagram.
AC: Yeah, and this idea there is more to it.
There is 20 different concepts that we have to
address. What are these concepts, what is the
goal data? To create a functioning building within
this area. The good thing about New York is it’s
always changing, it’s in constant flux. So, how
can we try and predict the concepts.

AC: Yeah, I positioned it in functioning, structure,
aesthetics. Mainly right now, it’s just not there.
But what’s the future. What could it be if we
added more data? If we had more understanding
of what these connections are?

>

JH: So that’s your goal, a functioning building?

This isn’t far from true, this thesis was centered
around gaining more incite on the forces of
sustainable ecology. Therefore, under theories of
subtraction and projecting solutions, a functioning
building is correct.

HF: Sorry, I wanted to go over the arrest things
help you locate a site, is that correct?
AC: I used it to locate the site, yes, but…
HF: You used it to locate a site. Not to design a
building.
AC: The data is still going through the Neural
Network. So, it is still being used to make the site
decisions.
HF: That makes sense to me that it might help
you to identify a site. I didn’t get it, I mean, look I…
AC: There’s a lot going on.
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HF: There is a lot going on. It’s hard, and I’m
struggling to follow it because I’m trying. What
if all this information gave you that building, but
that’s not it. Right?
AC: Well, yes.
MH: It’s relative to that. It’s not about the crime.
It’s about the environment that yields low or
high crime. So it’s making an assumption,
there’s a connection between crime and the
environments, and the data that it’s privileging
is in places where it’s lower crime. So, it’s
describing the environment that using the data
set from those environments that are near by
that have a lower crime rate.
JH: So, what I’m interested in is that. So say,
that’s great as a model. You know, adversely that
could perpetuate segregation in certain areas. If
I’m just looking at that as a problem, that would
totally be right.
MH: But it’s a multivalent thing. Not to say that’s
the only thing that makes the decision, it’s a
contributing factor.
JH: Right. Exactly, and that’s why I describe
these things as a personality type. Less as an
optimization.
MH: Because the building is the potential
envelope you operate within. It isn’t the building
itself. That’s the intent of this.
JH: I understand, I just think for like, for your
period of time, and to see all your work, to start
incorporating that as a means to find a site
perhaps is beyond the boundaries. Like, more
like a perhaps PhD or 5-year exercise.
AC: Yeah, I would also say it there has been a lot
of work on this.
JH: It’s tough, because you’re debating a lot, and
we see that.
AC: I’ve been told that the parsing of data alone
is a thesis.
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HF: It’s very sophisticated, the work. Which I
think is part of the challenge. How do you distil
it into a 15-minute presentation? You know and
make us appreciate the breadth and depth of
what you’ve done. We’re struggling with that,
and we’re asking a lot of questions that are
probably obvious to you, but…
JM: Is there a way to present it at the end so it’s
not FAR of a building, how much retail space. I
feel like we’re leading to that conclusion, and
you don’t want us to.
HF: Yeah, here is all this data, and you get this.

AC: Scrap the building.

>

JM: What is the ultimate way to present this?

This is a legit question that has been an issue for the
entire duration of the project. Presentation of a new
workflow requires a lot of simple proof, knowledge,
and sales. In these early stages, it is hard to educate
multiple theories of conceptual design, arguably the
least focused phase in the design process.

All: (Laugh)

>

MH: Well, I tell him right when it started,
that I bet somebody’s going to say something
about brick. As a thing, I like that. I said that if
it could be all white. If he presented it more
as an abstraction and didn’t get it so tangible.
The thesis is about how this can participate
in conceptual design. Not the making of a
building. So, how can we have a multi-valiant
process? Have an input, or have an assistance
in conceptual design? As it looks, you know it’s a
different approach. In conceptual design it’s sort
of about big idea, or something like that. This is
saying what if conceptual design could be much
richer and more complex given the challenges
of our time. He’s trying to find a way he maybe
able to do that. At least that was the journey. So,
when it gets to be closer to the architecture, and
really beyond what the intention of the project
is. So, that’s why I said, somebody’s going to,
you’re giving them a tangible clue. Architecture
is like, it seems they want to get their arms
around the real thing, as apposed to, it as a
multivalent decision-making thing.

Presenting to architects requires a specific tactile
nature to a project. Being educated in architectural
design, it was even hard to value the multivalent
project for myself. It is hard to hold back from the
single idea.

HF: So, you know, whenever you do something
like this, you learn what’s working and what’s
not working, and retooling. How would you
retool in the next iteration of this process?
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AC: So, I kind of said this in my conclusions a little
bit. There is two sides to this: the macro side
is kind of understanding the bigger umbrella
concepts, which I choose economic and social
influences. I also thought of cultural influences,
those types of things, even applying imagery,
which is being done already. I think you could
take images of these buildings and apply to
the parameters. I think that would help more
with the materiality of it. But also, the micro
side, trying to understand what is the specific
information that we need to create these explicit
connections. I showed this giant circle of data,
but right not it’s just an excel sheet that’s a
series of columns and rows. But that can get
way larger, we can get more data, we can
remove data just because maybe it just doesn’t
have that specific connection we want to get,
and how does that change the function looks like
and what we get. In my opinion, this is very small
in terms of what could be happening, or what’s
happening on the site.
In its technicality, the machines multiple outputs
are creating a framework to design by. Due to the
differences in design preference, the architect is in
charge of interpreting the information. The logical
interpretation was developed for this project. For
that purpose, the schematic design was a building
envelope. Rather than average, it would be hyped
precedent based.

>

DN: I think what’s fuzzy, is exactly what you’re
trying to predict. It sounds like you are trying
to predict the average building envelope.
Right? Based on those active forms.
AC: Yeah, honestly, I’m just designing a mass of
the envelope, which is an abstraction of the data
itself.
DN: One thing you could use this technique
to do, and what seems fuzzy to me. I thought
you were going in a direction where maybe.
So, if you could have a tool that could predict
FAR and a building massing, based on context,
that you could find areas in the world that you
think perform well by certain criteria, and
you could use this as an analytic tool to see if
certain features, or maybe you could see certain
issues. Maybe it’s an issue of scale. Maybe it’s
scale vertically and horizontally. So, maybe
it’s a analytical tool to figure out what are the
features that influence other features of this
building, massing, like how it rotates itself. What
are the, what I always call successful parts of
the urban fabric? Of course, you need to define
what you think is successful, and what your
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criteria are, and then you can begin to train
this. See if there’s some ways you can get it
to predict the performance of that patch of
space. Get it to predict, I guess, whatever you
want it to predict. Let’s take arrests, let’s say
crime data, let’s say that we wanted to train
the system to say we want it to take a look at
different parts of the city, and it can give us
a prediction of quote of what a crime fighter
there. Of course, that assumes a correlation
between urban morphology, let’s say, and these
other active forms you are looking at that relate
to that. If there is a relationship you are looking
at, then what you could do is begin to use this
as a tool to understand what urban features
might correlate to crime. For instance. So, you
could use it as an analytic tool to understand the
city, in some way. Vice versa, the point to stick
to, I kind of go out of there, was one thing you
could do is look at areas that you think perform
well, in terms let’s say arrests, and you could
begin to find the average building that tends to
sit on those sites. If there is one, I mean that’s
one question I would have. Then you could find
an area in the Bronx that has certain problems
that make it not a good site by whatever your
criteria are. Then you could begin to suggest
a building, or some sort of design feature to
building massing, or whatever that you would
have learned from your analysis before that you
could then apply to the site. So, I thought, in some
ways you were hinting towards that by picking
the Bronx site, but where you trying to do that?
AC: Yeah, that was kind of my intent of the
idea. I was trying to apply some type of neural
network connection idea, apply information
from good sites in terms of arrest data to sites
that have high arrest data, which is the bad
sites. But then it continued to grow from there
and I applied how much civic and education
buildings are around it, specific street types,
bike-ability. Which I mean, they have connections
within themselves, they could be their own
neural networks, and continue to build a larger
neurological system of connections here. I’m
sort of comparing it to our brains.

Final Presentation Transcript

59

This is true, we can only speculate, unless we
choose to follow the algorithm. In that case, this
process would be to slow. Over time, research, and
application, this process might be able to predict
specific concepts, but what does that look like? What
does the data infrastructure look like?

The data is the relationship in a way. Instead
of building a fancy new building for the custom
expectations, the site is influencing the future of
itself. Back to the theory of subtraction, inversely,
as architects we project a permanence of spatial
relationships, and this is a way to predict that easier.

>

>

DN: That’s an algorithm that I think reproduces
the same condition. That forces a huge leap, I
mean that’s where our research is. We don’t
know if the active feature that you picked at
all relates to or correlates to some of these
criteria that your using to judge the particular
success of an area.
SK: That’s somewhat where I was going when I
asked what you were doing in the manipulation
and selection of data that you were using. I
would like a little more background on that
to understand these correlations in order to
understand this. This is important to understand
what makes these correlations to find the
optimum value rather than the average. Or how
you’re going to use that data in producing
a greater relationship with the site and the
functionality?
HF: I want to know how you continue the design?
Like, how would you design as the architect of
this? What would be your next step?
AC: Next step?
JM: Not where you take this thesis, but if you
hand yourself this parti, let’s say, this neural
network parti, now this sort of in ethical
qualities of the neural network is coming up
with. How would you use that? How would you
design with that? I’m not trying to lead you
anywhere, but literally how would you design
with this if you continued the schematic design?
AC: You mean how I would design this building?
JM: Yes
AC: Going back to traditional and integrated
processes of design and go through the typical
steps to design. In terms of using a neural
network to do it, I’m sure it could possibly output
predictions on structural systems and stuff, but
I’m sure that would not be the best structural
system and most likely cost more to do. I’m sure
you could use that as well. I was mostly trying
to stay in the conceptual and early stages of
schematic design.
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JM: No, I get that, I’m sort of projecting the role
of this in the world that you will emerge as a
practitioner. If it actually exists, how do you as a
practitioner engage it?
AC: It’s a good tool to use to understand what
specific information you need to use to design.
Especially in performance-based building codes.
I know in New York there is a way to change the
building codes based on parcel zoning, and this
could be useful. It comes back with a prediction
of data, and it says that the building ca actually
go over the street rather than conform to the
step back rules that New York is famous for.
It could be used as a performance review of
the building codes. Could influence changes in
building codes, or design decisions, aesthetic
pleasures.
HF: I wonder if it has greater value as an analytic
tool or a generative too. So far, most of us buy in
to the analytics and its ability to create concepts
for our sites and struggling with the generative
output that you make. I wonder if we took the
idea of analysis for this, and I don’t know we take
the five highest crime sites in New York and we
analyze the physical context of the site and you
are able to extrapolate certain patterns in the
physical context that occur in these areas. True
crime, architecture style, or something, is just
a way of identifying and diagnosing the physical
variables that might impact social and cultural
patterns. It’s not about its genesis, but starting
to understand, I don’t know… You put arrests on
here and we are kind of hung up on that.
AC: I took it from that. There are a lot of studies
in implicit bias from Chicago and New York
where a sense of connection between built
space and community dispositions can change
the death toll in a heat wave or how people
interact. But they concluded that could lead
to more libraries and public space was the
difference and how people engaged one another.
DN: Thank you, you’ve come a long way.
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1. How do massings work as ‘influences,’
opposed to design?
2. What does design look like after
receiving one of these “influences?”

3. Is there a need to develop a database of
factors within the context?
Doesn’t it already exist?

2. Design does not change. Architecture has thousands of
years of practice and perfecting itself. This thesis seeks to
apply more thought and time to how design can be driven.
Conceptual information is a quick process, but singular
in ideas. In order to build a sustainable environment, we
need to be multivalent in ideas.

For example, walkability is a data source made up
of an equation adding, subtracting, dividing, and
multiplying more specific information affecting a
person’s ability to transport themselves by foot.
Specific information could include street width,
sidewalk widths, traffic lanes, traffic directions,
retail shops, restaurants, parking, walk time, terrain,
etc.

1. The massings themselves are not influences, rather,
what is driving their form are influences. The parameters,
or data, are conceptual information that defines the
building. The building can then be designed as such, and
theoretically influence its context.

Consider urban planning, and the study of resilience.
There are many contributing factors to why an act may
happen. In order to design for those factors, we as
designers must think about many concepts at once.
Design will look marginally different, but the knowledge
and proof can be explicit, and even exploit new concepts if
we choose to use this process.
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3. These databases do exist, publicly and privately.
The need to develop databases with contextual
information is ever needed. The more specific the
data is, the easier it is to understand the factors.

This the abundance of information is accepted today,
by workflows such as this thesis proposal require
more specific and possibly real time data. Still, much
is private information and undiscovered. Architecture
will thrive as a computational profession if it’s not
discovered by us quicker.

4. How is this different from what
components, such as Proving Ground?

4. Proving Ground is a company driven by paid for
research and development. This project incorporates
some of their workflow strategies, visualization, and
goals in computational design. However, this thesis seeks
an approach to optimizing and singling out predictive
goals in early design phases. The architectural industry
is more concerned about research benefiting one project
type rather than environmental ecology as a whole. This
thesis seeks synthesis between larger design goals and
project specifics.

5. Not clear what’s provable in this thesis.
A database design and how do we evaluate
success?

5. This thesis wants to improve the process of coming
up with a concept. The proof suggest parameters or
information that can develop a schematic design for
architectural design.
The database is designed similar to others, as rows
and columns of information, but the use is to predict
preferred outcomes. Outcomes vary from single
parameters, program, and social and economic
expectations.
Success is not measurable unless this process is
implemented and carried through the construction
and lifespan studying. This is because early phases
of design are predicting outcomes, not actually living
there everydayness.
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Machine Learning in Architectural Design:
Connectionist Approach to Architectural Design
Andrew Chase

Proposal:
Previous applications to design processes intend to
enhance a building’s schematic design using quantitative
data. Therefore, most applications to the early design
phases are passed by as simple overarching ideas
informed by the designer and users’ knowledge.
Although this is a preferred method of choice making, the
knowledge used to inform conceptual and schematic
design process can be limited. With the increase of
computation in all major industries, a new increase in
data to describe forms of infrastructure is required.
These forms being objects to analyze their performance
and potential, and active forms that can describe the
disposition of urban space. Previous research into data
driven design has worked its way into standardization
and performance goals. However, the connection
between active and object forms as a network of
standards has yet to be introduced as a method of
advising design. Meaning design has focused on creating
a single object that seems to benefit the ecology. No
attempt at connecting urban active data to object data
has been made to benefit both forms equally, but only to
preserve the status quo. The introduction of Machine
learning algorithms has the capability to connect these
complex forms and inform new designs. The application
of machine learning algorithms advises the early phases
of architectural design process by reviewing a manifold
of data, privileging complex analogical connections, and
simulating the designers informed symbolic choices.

Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals
Site Context
Precedents

Design Rules / Parameters
Analyze to meet performance goals
Develop Nth Generation
Massing Generation
Apply construction standards
Initial Optimization

Build

Analyze
Occupancy

Program Layout
Square Footage

Designer

Predicted
Concept

Conceptual

Parameters

1. Social and Economic Need
2. Use
3. Standards
4. Objectives

Schematic

1. Utilitas, Firmitas, Venustas
2. Parameters
3. Massing
4. Fit building codes

1. Height
2. Shape
3. Position
4. Building Code Requirments

Objectives
1. Area
2. View
3. Shade
4. Social impacts
5. Economic impacts

Context Training Data
Object Forms

Neural Network

1. Exisitng Building Parameters
2. Existing Building Objectives
3. Exisitng Building Disposition (amenities, use, etc.)

Active Forms
Correlated Radius (0.5

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)

Site Context Data
Active Forms
Radius (0.5 mil)

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)

Spring Semester Review

RENDER

66

Spring Presenation Boards

Site
Businesses
Hostos Community College
KIPP NYC College Prep
Cardinal Hayes High School
Alfred E Smith High School
Health Opportunities High School
Success Academy Middle School
NY Public Library Mott Haven
1/2 Mile

Untied Postal Service
Morris Ave Pharmacy
Lincoln Medical Center
Bronx Children's Psychiatric Center
NYC Housing Authority
Pregones Theater
NYC Recycling
NYC Police Department 40th PP
Mott Haven Historic District
One & Two Family Buildings
Multi-Family Walk-up Buildings
Multi-Family Elevator Buildings
Mixed Use Residential & Commercial
Commercial & Office Space
Industrial & Manufacturing
Transportation and Utility
Public Facilities & Institutional
Open Space
Parking Facilities
Vacant Land
Roads
Bridges
Highway
Bike Lanes
Pedestrian Paths
Subway Stops
Rail Road

Site Context - 402 Grand Concourse, Bronx NY

Spring Presenation Boards

67

PHASE 1:

INFRASTRUCTURE BIG DATA

Most cities collect data from their built infrastructure and make it
available for public use through open source platforms. This data
varies from buildings, roads, demographics, economy, and cellular
application data. Private industry, including architecture, collect
data on themselves, projects, and users, but most do not freely
share it with the public. This collection of data can be used in many
ways, and can be leveraged to interpret sustainable behavior,
context, and dispositions in urban planning and architecture.

PHASE 2:

ANALYTICS & RESEARCH

INFRASTRUCTURE
BIG DATA

SCHEMATIC
DESIGN
ABSTRACTION

ANALYTICS &
RESEARCH

Architectural
ML

CONCEPTUAL
GOAL DATA

The bias to theoretical concepts comes from precedents with
statistical proof. The advantage to analyzing data and research can
expose and improve new conceptual infrastructures. Many
industries leverage simple and complex computational methods to
expose new concepts. Therefore, valuing this phase of conceptual
thought is a continuous series of inputs and outputs.

PHASE 3:

NEURAL NETWORK

A neural network is an artificial connection agent, similar to
neurological connections, that can easily be trained to respond with
similar or new conceptual infrastructure. This process has been
used in many industries to analytically expose key concepts. The
advantage of this method will advance the pace of proving concepts
or exposing new micro concepts that may be overlooked.

NEURAL
NETWORK

PHASE 4:

Borough
Block
Lot
Community District
CT 2010
CB 2010
School District
Council
Zip Code
Fire Comp
Police Precinct
Health Center
Health Area
SanitBoro
SanitDistr
SanitSub
Address
ZoneDist1
Overlay1
LtdHeight
SplitZone
BldgClass
LandUse
Easements
OwnerType
OwnerName
LotArea

BldgArea
ComArea
ResArea
OfficeArea
RetailArea
GarageArea
StrgeArea
FactyArea
OtherArea
AreaSource
NumBldgs
NumFloors
UnitsREs
UnitsTotal
LotFront
LotDepth
Ext
LotType
BsmtCode
YearBuilt
HistoricDist
Landmark
BuiltFAR
ResidFAR
CommFAR
ZoneMap

MapPLUTO
https://www1.nyc.gov/site/planning/data-maps/open-data/dwn-pluto-mappluto.page

Street
SAFStreetN
FeatureType
SegmentType
NonPed
TrafDir
TrafSrc
SpecAddr
StreetCode
LBoro
RBoro
L_CD
R_CD
AssmDist
ElecDist
SchlDist
SanDist
BoroBondry
Radius
RW_Type
NYPDID
FDNYID
StreetWidth
BikeLane
Bike_Trafd
Posted_Speed
Snow_Priority

Number_Traf
Number_Par
Number_Tot
Carto_Disp
ROW_Type

LION

https://www1.nyc.gov/site/planning/data-maps/open-data/dwn-lion.page

CONCEPTUAL GOAL DATA

Post analytics and research should output a concept of thought. This
outcome should help in decision making, but broadly, does not
maintain the multi-variant information that our infrastructure
performs for overwhelmingly. The addition of a neural network can
output more specific conceptual information and make advanced
sustainable decisions quickly.

PHASE 5:

constrct_yr
doitt_id
feat_code
geosource
groundelev
heightroof
date_lstmo
time_lstmo
lststatype
mpluto_bbl
name
Shapefile

SCHEMATIC DESIGN ABSTRACTION

The proof of the conceptual goal data the neural network provides
becomes a schematic speculation for the designer to build on. This
is where traditional design can focus its creative attention, and
abstract the concept into the architects new design.

Building Footprints
https://data.cityofnewyork.us/Housing-Development/Building-Footprints/nqwf-w8eh
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PHASE 3

PHASE 4

V_AVGSHDISTST
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Object Features

Active Features

Built Infrastructure
Single Family Residential
Multi-Family Residential
Mixed Use Commercial+Residential
Commercial
Office
Arena
School
College
Library
Police Station
Newspaper Stand

Social Infrastructure
Soccer Fields
Basketball Courts
Public Plazas
Playgrounds
Recreational Green-ways
Gyms
Wifi
Cellular Tower
Economic Infrastructure
Retail Shops
Restaurants
Bars
Coffee Shops

Parameters
Floor Area Ratio
Open Space Ratio
Stepback Heights
Entrance
Building Core
Unit Sizes
View
Proximity
Street Frontage
Street Class
Plaza Type
Parking

Transportation Infrastructure
Subway
Bus
Taxi
Bikable Streets
Pedestrian Paths
Directional
Squarfootage on Site
Proximity to Street Class
Distance to Open Space
Direction to Open Space
Distance to Shore
Direction to Shore
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Social Infrastructure

Object Parameters

Number of Civic Buildings
Distance to Civic Buildings
Direction to Civic Buildings
Number of Schools
Distance to Schools
Direction to Schools
Number of Open Spaces
Area of Open Spaces
Distance to Open Spaces
Number of Subway Stations
Distance to Subway Stations
Direction to Subway Stations
Bikeable Streets
Street Directions
Street Driving Lanes
Street Parking Lanes

Economic Infrastructure

Object:
Parameters

Floor Area Ratio
Building Footprint Area
Commercial FAR
Residential FAR
Property Position
Unit Sizes
Tower Rotation
Tower Height

Number of Retail Stores
Distance to Retail Stores
Direction to Retail Stores
Number of Restaurants
Distance to Restaurant
Direction to Restaurants
Number or Commercial Buildings
Distance to Commercial Buildings
Direction to Commercial Buildings
Number of Office Buildings
Distance to Office Buildings
Direction to Office Buildings
Street Frontage
Proximity to Street
Distance from Major Street
Speed of Major Street
Parking Spaces

9

1

4

5

7

6

8

2

3

Active:
Social

1 2 3 4 5 6 7 8 9

Active:
Economic

FAR Filter
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FAR Filter
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FAR Filter
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4.0

MSE
Data Sets

3.5

MSE
Data Sets

3.0
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1.0
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1
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Water Views

3
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Open Space
Views
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Open Space
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5
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High # Schools
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Machine Learning In Architecture

Connectionist Approach to Sustainable Parametric Architectural Design
Master’s of Architecture Thesis
By Andrew Chase

Spring Semester Presentation
Title
Goodafternoon. My name is Andrew Chase.
This year I focused my research on Machine Learning in
Architecture.
A Data Connection Approach to Sustainable Parametric
Architectural Design.
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2010
2000
1980
1940
1920

Artifical
Intelligence
BIM
Rhinoscript
CAD
Programable Computers
Modular Design

Parametricism
Machine Learning

Architectures approach to Digital Data and Design
Over the course of nearly a century, architecture has
taken on new computational methods.
However, the discipline of architecture has struggled to
apply new industry trends.
Since Walter Gropius’s Modularity Concept and Computer
Aided Drafting was made affordable, data driven design
has produced scripting, algorithmic methods, and
recently Building Information Modeling to speed up
development and construction processes.
The newest trend isn’t as new as its common name,
Artificial Intelligence.
A spin off from machine learning, developed by Marvin
Minskey and Seymore Papert in the 50s with the
perceptron method.
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Artificial Neural Networks as an Architectural Design Tool-Generating
New Detail Forms Based on the Roman Corinthian Order Capital
Kacper Radziszewski, Gdansk University of Technology, Poland

Building Without Bias: An Architectural Language for the Post-Binary
Hannah Rozenberg, Royal College of Arts, London

Machine Learning in Architecture
Today, the application of machine learning in architecture
is scarce and simplistic.
One example was published in London by Hannah
Rosenburg as a regenerative ranking process of
architectural elements as a language of Post-binary.
Out of a University in Poland, an artificial neural network
was being taught to regenerate detail forms of the
Roman Corinthian Columns.
Other examples of machine learning are in subjective
learning, to generate new designs based on real time
feedback.
The most common use of data in Architecture lies in BIM
systems.

74

Spring Presentation

“Machine

Learning is a field of study that gives computers the ability to learn without being explicitly programed” (Samuel, 1959)

Machine Learning in Industry
Arthur Samuel, the creator of the original computer
chess game said, “Machine learning is a field of study
that gives computers the ability to learn without being
explicitly programed.”
Machine Learning is a mathematical approach to filtering
and manipulating data similar to brain functions.

Spring Presentation

75

70%

52%

88%

94%

Use To Make
More Informed
Decisions

Use To Reduce
Cost & Improve
Efficiency

Currently Use
Or Expect
To Use It

Complements
Or Makes the
Job Easier

2018 Outlook Machine Learning and Artificial Intelligence, MEMSQL: January 2018

Trends
With the increase in data resources, Artificial intelligence
has risen to enhance most industries data analysis
processes, like product feedback, marketing, and quickly
informing new actions.
Many AI problems concern themselves with a large sum
of incoming and outgoing data, which the human mind
can process.
However, the machine can do the same processes
quicker and nearly as accurate with the amount of data
at our disposal today.
Some of the shelf machine learning processes are
Ranking, Classifying, Organization, and Optimization.
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Architecture Process:

Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals
Site Context
Precedents

Design Rules / Parameters
Analyze to meet performance goals
Develop Nth Generation
Massing Generation
Apply construction standards
Initial Optimization

Build

Analyze
Occupancy

Program Layout
Square Footage

Data in Architectural Process
Traditional architectural design process simulates these
5-6 phases of design.
Integrated BIM systems pick up from the late stages of
Schematic design through the development, construction
and sometimes the Use of the building.
However, data begins with the conceptual phase and
continues through the life span of the building.
This thesis specifically recognizes post construction and
post occupancy data’s influence on new design concept’s.
Or precedent design.
Post-occupancy data is usually thrown away or stored
by building designers, but what if we could use it for
future design?
What if data from all phases could better inform
design decisions, that designers can’t see or make the
connection?
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Connectionism:

o1

in

on

itest

os

Symbolism:
The representation of ideas or qualities with or from symbols, and a
logical solution that can be interpreted as a definite solution.

Connectionism:
An artificial approach of multiple mathematical connections between
information parallel to one another and grouped together in hierarchies to
create new thoughts or actions.

Human:

Machine:

Logic:
Type of reasoning assessment referencing principles of validity (e.g.
argument with measurable outcomes to back up its statement).

Analogical:
Type of reasoning that references accepted similarities between two or
more solutions to draw a conclusion of a further similarity exists.

i1
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Connectionism
i with brain processes
os
Commonly associatedtest
and machine
learning is the theory of connectionism.
A play of words, connectionism is an artificial approach
to symbolism.
Designers typically create arbitrary symbolic solutions
based on knowledge and connections to experiences.
Machines, however, make an analogy from referenced
similarities.
With the correct filtering, and amount of data, accurate
solutions can be predicated.

in
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Connectionism
This is an example displaying New York City’s Building
code, vs. mimicking buildings parameters.
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Thesis Statement:

Use the application of machine learning algorithms to advise the early phases of
architectural design process by reviewing a manifold of data, privileging complex
analogical connections, and simulating the designers informed symbolic choices.

Thesis Statement
My Thesis seeks to advise the early phases of the
architectural design process by applying machine
learning algorithms to review a manifold of data,
privileging complex analogical connections, and simulate
the designers informed symbolic choices.
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Project Task:

The task is to create a mixed use (primarily residential) building using a neural
network process that simultaneously translates a database of existing buildings
parameters with social and economic infrastructure to a new site’s existing
conditions.

Thesis Task
The task is to create a mixed use (primarily residential)
building using a neural network process that
simultaneously translates a database of existing
buildings parameters and exterior social and economic
infrastructure to a new site’s existing conditions.
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Programing:

PROGRAM BREAKDOWN

Housing (80%)
- Market Rate
- Inclusionary (FAR Bonus)
Local Commercial (20%)
- Retail
- Office Space
Open Space, Public Plaza, Off-street-parking

Housing
80% FA
80% HSG FA
Market Rate
Inclusionary
20% HSG FA*

Commercial
20% FA

Proposal
The ambition is to apply this neural network database
to the site and program. 80% Housing, and 20%
commercial, while attempting to meeting all New York
City Codes.
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ne Learning in Architectural Design:
ctionist Approach to Architectural Design

Proposed Process:

the application of machine learning into the integrated
ectural design. Previous applications of machine learning
ve optimization, multi-objective optimization, classification,
ial neural networks, and building information modeling (BIM)
esign through the buildings lifespan. However, previous
ng machine learning to the concept phase of architectural
n explored. By using an artificial neural network of existing
rastructure, and analyzing previous research on real-world
ns, conceptual information can be generalized for specific

h to data use, machine learning is an analysis model that has
es in predicting future outcomes. These tools have become
however, architecture has approached them less due to the
ts of objective data. Concepts like GIS that stack data in
ps have found generalized ways of visualizing objective data.
potential to do the same with similar data.

Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals
Site Context
Precedents

Design Rules / Parameters
Analyze to meet performance goals
Develop Nth Generation
Massing Generation
Apply construction standards
Initial Optimization

Build

Analyze
Occupancy

Program Layout
Square Footage

is proposed process is exemplified through open source
hat is well maintained and update. The labeling of data is
rvised neural network and designer to speculate what
redicated. Therefore, this thesis takes place in New York, NY,
nx borough. New York City’s open data sources are vast and
make information parsing easier.

Designer

Predicted
Concept

Conceptual

Parameters

1. Social and Economic Need
2. Use
3. Standards
4. Objectives

Schematic

1. Utilitas, Firmitas, Venustas
2. Parameters
3. Massing
4. Fit building codes

1. Height
2. Shape
3. Position
4. Building Code Requirments

Context Training Data
Object Forms

Neural Network

Objectives
1. Area
2. View
3. Shade
4. Social impacts
5. Economic impacts

1. Exisitng Building Parameters
2. Existing Building Objectives
3. Exisitng Building Disposition (amenities, use, etc.)

Active Forms
Correlated Radius (0.5

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)

Site Context Data
Active Forms
Radius (0.5 mil)

1. Averaged Vernacular Building Parameters
2. Social Disposition (public space, vegetation, bike lanes, etc.)
3. Economic Disposition (amenities, attributes, street frontage, etc.)

Proposed Process
By creating a database consisting of existing buildings
and context examples from prior projects, I will privilege
conceptual and schematic goals that may influence good
design.
Keller Easterlings Extra-state-craft and Subtraction
arguments, define the spatial disposition of a site
by its transportation, utility, and communication
infrastructures. Or Active forms.
And, correlating buildings are objects and icons to the
cultural habitat of its ecology.
The building can be analyzed according to Function,
Structure, and Aesthetics, as parameters, performance
objectives, and subjective qualities.
Given numerous precedent examples we can reapply
this data to new projects.
This data can, and most likely has been, created many
times before.
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New Process
I approached this thesis in 5 steps.
Infrastructure Big data
Analytics & Research
The Neural Network
Conceptual Goal Data
Schematic Abstraction
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Infrastructure Big Data
I choose a site in the Bronx, NY specifically for it’s high
arrests data, and NYC’s open data sources.
I mostly parsed information from PLUTO (Lot census
information), LION (Road information), and Building forms
(building public data).
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Infrastructure Big Data
This data was parsed at a ½ mile radius from the
correlating buildings.
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Analysis & Research
Data parsed included object features. Specifically,
parameters of Units, FAR, Step backs and Height,
Entrances and street class

Spring Presentation
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Analysis & Research
Active features told the story of social and economic
disposition: Open space, road width, bike lanes,
in public wifi, crime data, and many more
amenities,
Similar to a concept by Ian McCargt, to visualize and
describe space. Today known as Geospatial Information
Systems.
It is important to match up or supervise connecting
features for the neural network, which will privileg
features based on what type of data is available.
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Neural Network
Neural Networks work in mathematical functions that
are overlaying layers of complex equations.
Activations Functions that I used were Logistic Sigmoid,
Linear Regression and Hyperbolic Tangent.
Every test rates the ability to predict accurate output
features by testing 20% of its data in epoch sets.
The more data applied to training, the lower the rating,
and the more accurate the function.

Spring Presentation
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Data Chart
To privilege specific conceptual goals, I added a filtering
component based on social, economic, and building
parameters.
Solutions landed in the direction of their preference.
However, they landed near the central grouping of input
datasets
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Conceptual Goal
This is a data circle showing how each active feature and
object feature relate to one another.

Spring Presentation
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1. Direction
2. Offset
3. Residential Entrance
4. Rotation

MARKET RATE HOUSING
STUDIO
24’
ONE BED
32’
TWO BED
42’
THREE BED
58’

60’

10’ 10’

4

10’ 10’

((Y*.8)-60+10!) or 100’

INCLUSIONARY HOUSING
STUDIO
16’
ONE BED
23’
TWO BED
31’
THREE BED
38’
1
2

60’

3
((Y*.2)-20)’

FAR 2.5-3, UNFILTERED
0’ 10’ 25’

50’

100’

Schematic Abstraction
Parameters being:
1.
Direction
2.
Offset
3.
Residential Entrance
4.
Rotation
Programming was based on FAR value, and Linear feet.

92

Spring Presentation

FAR: 0.0-0.5

FAR: 0.5-1.0

FAR: 1.0-1.5

FAR: 1.5-2.0

FAR: 2.0-2.5

FAR: 2.5-3.0

FAR: 3.0-3.5

FAR: 3.5-4.0

FAR: 4.0-4.5

FAR: 4.5-5.0

FAR: 0.0-10.5

1
Unfiltered

Economic:
Water Views

3
Economic:
Water+
Open Space
Views

4
Economic:
Open Space
Views

5
Social:
10th Percentile
Arrest by

Police Precincts

6
Social:
50th Percentile
Arrest by

Police Precincts

Abstraction Chart
I used FAR values as a primary filtering mechanism.
I also added a series of Object, Social and Economic
factors

7

Social:
90th Percentile
Arrest by

Police Precincts

8
Social:
High # Schools

9
Economic:
Retail +
Restaurants
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Tool Example
The database is currently an excel sheet of some
data, but the tool writes the neural network equation
simultaneously to connecting specific sites active
features.
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RENDER
Render
Future development and research for this process should
focus on the micro specific conceptual connections
and specific representation of data it takes to perform
accurately.
Also, Macro research on concepts of function, structure,
and aesthetic.
But none of this can be possible without more supervised
data.
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Conceptual Design

Schematic Design

Design Development

Construction Documents /
Construction Administration

Construction

Use & Assessment

CAD / BIM
Design Goals

Design Rules / Parameters
Analyze to meet performance goals
Develop Nth Generation
Massing Generation
Apply construction standards
Initial Optimization

Site Context
Precedents

Build

Analyze
Occupancy

Program Layout
Square Footage

Fall Semester Review
Location
Building Code
Parameters
Active Form Data
Improved Context Data

Neural Network
Designer
Objectives +
Parameter Goals

Training Database
Active Forms
Object Forms

Architects
Object Form

Design
Development

Designer
Multi-Objective Optimization
Octopus

Context Data

Training Data

Objectives

1. Transporation walkscore.org
a. Walkability Score
b. Bikeability Score
c. Transit Score
d. Poulation
2. Program’s & Distances
a. Retail
b. Commercial
c. Civic
d. Housing
3. Area Specific Economics
4. Weather
a. % Cloudy Days
b. % Rain

General Context Data
Optimized Pareto-solutions chosen by Designer

Maximize Usable Floor Area
Minimize Material Cost/SF
Maximize Daylight on Exterior Surface Area
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Fall Review Boards

NYC Building Code Symbolism

NYC Building Code Symbolism

min. 6%

ace

open sp

NYC Building Code Symbolism

s

ndarie

oad bou

major r

NYC Building Code Symbolism

0 ft
under 23
all res.
0
5 ft
under 1
55% FA

base ht. ft
60ft-85

NYC Building Code Symbolism

Contextual Connectionism

housing
market al
ci
/commer

ionary
inclus
g
housin
cial
er
comm

Fall Review Boards
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Contextual Symbolism
Transportation

Bike Routes:
Bike Route Connections:
Bus Stops:
Subway Lines:
Subway Stations:
Sidewalk Space:
Road Space:

10
4
20
3
1
463,102 ft2
579,211 ft2

Utilities

Registered Amenities: 79
Elevation Change: 22 ft
Topography
0’ 100’

Communication

500’

Open Space: 158,182 ft2
Parcels: 478
Public Wi-Fi Hotspots: 7
“BYTES of the BIG APPLE™.” NYC. https://www1.nyc.gov/site/planning/data-maps/open-data.page.

Amenities
0’ 100’

500’

Open Green Space
0’ 100’

500’

Public Space
0’ 100’

500’

Active Form Overlay

Bus Stops
0’ 100’

0’ 100’

500’

500’

Objects Forms

Pedestrian Infrustructure
0’ 100’

0’ 100’

500’

Bicycle Routes
0’ 100’

Subway Infrustructure
0’ 100’

500’

Road Space
0’ 100’

98

Fall Review Boards

500’

500’

500’

Publicly Accessible Urban Context Data

Neural Network Example

https://www.walkscore.com/cities-and-neighborhoods/

Multi-Objective Optimization

Octopus

:Rank Avg. Bikable Distance to Amenities

:City Population

29.8

23.3

42.4

820,445

Henderson, NV

29.6

23.8

36.9

257,729

Wichita, KS

36

19.7

43.1

382,368

New York City, NY

89.2

85.3

67.7 8,175,133

2

(ft )

:Rank Avg.Walking Distance to Amenities

:Rank Avg. Public Transit Distance to Amenities

2

Daylight (kWh/ft )

Area

Indianapolis, IN

e (ft )
Volum
3

MOO Solutions + Arbitrary Connections
Indianapolis, IN

Henderson, NV

Wichita, KS

Optimization

Optimization

Optimization

Optimization

Tower 1

Envelope Daylight Radiation: 307.42 Avg. kWh/m2/day
Total Volume: 444,783 ft3
Total Area: 39,481 ft2

Tower 1

80.4

65.2

49.8

277,140

87.3

70.6

54.4

247,597

San Francisco, CA

86

80.4

70.7

805,235

Chicago, IL

77.8

65

Baltimore, MD

69.4

57.2

52.1

620,961

Lincoln, NE

42.5

24.1

58.5

258,379

310 Avg. kWh/m2/day
Envelope Daylight Radiation:
Total Volume: 469,920 ft3
Total Area: 43,276 ft2

Tower 1

Lincoln, NE

Envelope Daylight Radiation: 314.33 Avg. kWh/m2/day
Total Volume: 415,599 ft3
Total Area: 40,226 ft2

Tower 1

Optimization

Envelope Daylight Radiation:
Total Volume:
Total Area:

Tower 1

221.25 Avg. kWh/m2/day
423.049 ft3
34,506 ft2

Base:
Top Scale:
Ht:
Rotation:
Bend:

35x60 ft
.301
107 ft
178 degrees
40 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

51x74 ft
.299
187 ft
45 degrees
27 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

50x81 ft
.535
153 ft
136 degrees
82 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

36x39 ft
.962
193 ft
49 degrees
48 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

44x57 ft
.533
158 ft
2 degrees
18 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.161
.568
113 ft
13 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.194
.662
126 ft
28 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.119
.049
111 ft
32 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.143
.355
152 ft
16 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.032
.364
125 ft
8 degrees

Tower 2

Chicago, IL

Newark, NJ

Optimization

Envelope Daylight Radiation: 154.15 Avg. kWh/m2/day
Total Volume: 132,740 ft3
Total Area: 12,493 ft2

Tower 1

Tower 2

Tower 1

Tower 2

San Francisco, CA

Optimization

Envelope Daylight Radiation: 125.95 Avg. kWh/m2/day
Total Volume: 128,221 ft3
Total Area: 12,673 ft2

Optimization

Envelope Daylight Radiation:
Total Volume:
Total Area:

Tower 1

Tower 2

Jersey City, NJ
170.33 Avg. kWh/m2/day
88,627 ft3
9,411 ft2

Baltimore, MD
Optimization

Optimization

Envelope Daylight Radiation: 163.32 Avg. kWh/m2/day
Total Volume: 111,744 ft3
Total Area: 11,794 ft2

Tower 1

Tower 2

Envelope Daylight Radiation: 434.35 Avg. kWh/m2/day
Total Volume: 873,703 ft3
Total Area: 69,217 ft2

Tower 1

Base:
Top Scale:
Ht:
Rotation:
Bend:

44x33 ft
.416
121 ft
90 degrees
36 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

34x40 ft
.486
107 ft
43 degrees
33 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

43x46 ft
.285
113 ft
117 degrees
89 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

42x53 ft
.26
103 ft
122 degrees
84 degrees

Base:
Top Scale:
Ht:
Rotation:
Bend:

44x98 ft
.638
178 ft
63 degrees
46 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.160
.621
121 ft
27 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.175
.064
111 ft
3 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.229
.592
101 ft
28 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.149
.649
112 ft
11 degrees

Base Scale:
Top Scale:
Ht:
Bend:

.094
.638
127 ft
33 degrees

Tower 2

Tower 2

71.5 2,695,598

ANN Solution

New York City, NY
Envelope Daylight Radiation: 162.39 Avg. kWh/m2/day
Total Volume: 114,151 ft3
Total Area: 11,667 ft2

Newark, NJ
Jersey City, NJ

Tower 2

Tower 2

Tower 2

Fall Review Boards
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